more complex hierarchical models that allow for the assumption that some proportion of a population is not available for sampling during surveys (Chandler, Royle, & D. I. King., 2011) . The failure to consider imperfect availability may lead to underestimation of density as has been noted for distance sampling of lizards (Rodda & Campbell, 2002; Smolensky & Fitzgerald, 2010) . The issue of availability bias is not unique to lizards; it is also a problem for distance sampling of sharks (Nykanen et al., 2018) marine mammals (Danilewicz et al., 2010) , terrestrial mammals (Poole, Cuyler, & Nymand, 2013) , birds (Gale et al.., 2009) , and other reptiles (Couturier, Cheylan, Bertolero, Astruc, & Besnard, 2013) .
Perhaps due to the difficulties in surveying reptiles, there are very few estimates of lizard density from the Mojave Desert in North America, and those studies that have been attempted were for small areas within this region (Kaufmann, 1982; Turner, Medica, Lannom, & Hoddenbach, 1969) . To address this information gap, we provide the first robust estimates of density and total population size for three species of common lizards [Common Side-blotched Lizard (Uta stansburiana), Western Whiptail (Aspidoscelis tigris), and
Zebra-tailed Lizard (Callisaurus draconoides)] throughout the Mojave
Desert within the State of California, USA (66, 830 km 2 ). We did this by adding visual encounter surveys along transects to a program of multispecies surveys (i.e., birds and mammals) at widespread sampling sites throughout the study area. We demonstrate application of a recent innovation in distance sampling that adjusts for temporary emigration between repeat survey visits Kery & Royle, 2016) . We show how this survey and analytical approach combined with model-based inference (Gregoire, 1998) across the study area facilitates efficient estimation of population size as well as coarse-scale mapping of density for each species. We validate our results through comparison with independent surveys conducted in the southern portion of the study area in the same year. We discuss how our results could be used to inform region-level planning in response to expected climate change and land use impacts, and consider the value of common lizards as an indicator of those stressors in an arid environment. Besides military exercises, increasing development mostly in the western part of the study area, agriculture, surface mining, off-road vehicle recreation, and renewable energy development are potential activities impacting lizards and other wildlife.
| S TUDY ARE A
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| Study design
We surveyed 229 sites throughout the study area between April and July 2016 (Figure 1 ). We determined survey locations by first selecting a spatially balanced random sample of hexagons from the USDA Forest Inventory and Analysis program's hexagon grid (Bechtold & Patterson, 2005 , hexagon radius is ~2.6 km). We then randomly selected 1-3 survey locations within each hexagon, which were spaced by 1-2 km apart and stratified by vegetative community based on the National Vegetation Classification System (Sawyer, Keeler-Wolf, & Evans, 2009, Supporting Information Table S1 ). In some cases, we
were not able to gain access to a particular hexagon or site within a hexagon. In those instances, we adopted an iterative process, whereby we either selected a nearby hexagon or selected the next site from a sequential list of random locations from a hexagon. We did not explicitly address these site selection details in our density estimation methods because our modeling did not assume random site selection (Gregoire, 1998 ). However, model-based inference requires sampling over the range of conditions used in extrapolation. We excluded sampling from the Owens Valley, shown as the northwest appendage in our study area, due to logistical limitations (Figure 1 ), but we did not expect this omission to substantially bias our population estimates because this subregion constituted <3% of the study area.
We also excluded sampling at elevations above 1,630 m, but these elevations amounted to only 0.75% of the study area. the soil surface using a thermometer that was shaded from the sun using either the surveyor's body or a clipboard.
| Wildlife surveys
We used the repeated surveys to create detection histories for the three most common lizard species (A. tigris, U. stansburiana, and C. draconoides) . Specifically, we tallied the total number of adult lizards observed along the transect at each site on each survey occasion within each 1-m distance increment out to 13 m.
We chose this truncation threshold consistent with recommendations for distance sampling because it was the distance within which 95% of our observations were made (Buckland et al., 2001 ).
Furthermore, to address unintentional "heaping" of distance observations in the 5-m and 10-m categories, we reclassified distances in to 6 heterogeneous categories (Buckland et al., 2001 ): 0-0.5 m, 0.5-1.5 m, 1.5-2.5 m, 2.5-3.5 m, 3.5-6.5 m, and 6.5-13.5 m. We acknowledge a small area of survey overlap because F I G U R E 1 Locations of visual encounter transect surveys which occurred in the Mojave Desert within California, USA, April-July 2016. Shaded area on southern boundary represents the portion of Joshua Tree National Park that lies within the study area. We used independent surveys from this park to validate our model predictions of lizard density based on the transect surveys of the crossing of transect legs. Given the general infrequency of lizard detections (Supporting Information 
| Site and survey covariates
We expected lizard densities to vary with environmental conditions across the study area. Vegetation communities in the Mojave
Desert are strongly associated with elevation gradients of temperature and precipitation (Schoenherr, 1992) . Higher elevations tend to support greater vegetation cover and floristic diversity (Sawyer et al., 2009 (Almanza, Jerrett, Dunton, Seto, & Pentz, 2012) . We did not include elevation in the modeling because it was highly correlated with NDVI (r = 0.69).
Lizards have been shown to be negatively impacted by and to be good indicators of anthropogenic development (Ackley et al., 2015; Thompson et al., 2008; Waudby & Petit, 2015) . To predict lizard abundances at survey sites, we used a 30-m raster land use land cover layer, which we aggregated as a binary raster (1 or 0) to represent either urban, agricultural, transportation, or mining-related development or none of these categories from the most recent year available (CalFIRE, 2015) . Finally, lizard activity is strongly affected by temperature (Huey & Pianka, 2018; McCain, 2010) . We used the average of the two ambient temperature measurements made during each survey to represent average temperature as a surveylevel covariate predicting lizard activity.
We rescaled the two site-level, abundance covariates (NDVI and development) to their average values within a 1-km raster grid (66,812 cells) covering the entire study area. Therefore, NDVI was interpreted as average vegetation cover within 1 km 2 and development as the total proportion of 1 km 2 in one of the development categories considered.
We chose the 1-km scale because it matched the minimum distance between survey sites in the same sampling hexagon, and represented landscape conditions appropriate for extrapolating coarse-scale average abundances across a large region. The grid also allowed us to use model-based inference (Gregoire, 1998) to predict lizard densities throughout the study area instead of relying on the representativeness of our survey locations as a stratified random sample. We calculated the values of site-level covariates at survey sites by intersecting the centroid of the transect at each site with the 1-km grids of NDVI and development. Lastly, we standardized all covariates.
| Hierarchical distance sampling
Distance sampling for transects is a method for modeling how detection probability [g(x)] of wildlife declines with perpendicular distance (x) from an observer in order to get an unbiased estimate of density.
This is achieved by upwardly adjusting the raw survey counts by dividing them by a measure of total detection probability calculated by integrating g(x) across the width of a transect (Buckland et al., 2001) .
A core assumption of classical distance sampling is perfect detection along the center line of transect surveys. A recent innovation in hierarchical modeling allows relaxation of this assumption via temporary emigration between repeat survey occasions (Kery & Royle, 2016) .
Individuals sampled from an open population under this modeling approach can be viewed as unavailable for sampling during some parts of a sampling season . This statistical assumption matches the ecology of lizards which through thermoregulation behaviors were expected to be below ground in burrows or under other cover during periods of the season, days, or portions of days that were either too cold or too hot (Jacome-Flores et al., 2015; Whitford & Creusere, 1977; Wone & Beauchamp, 2003) . A hierarchical modeling structure allows generalization of the abundance, availability, and detection probability [e.g., g(x) ] processes such that each can be modeled to vary with covariates by site and survey occasion and with respect to assumptions about probability distributions (Sillett, Chandler, Royle, Kery, & Morrison, 2012) .
The hierarchical distance sampling model we used for single species included three levels for sites i and survey occasions k:
Level 1: Total abundance M i (latent state) and density D i (derived quantity). 
model of survey covariates
Level 3: Detection function.
y i,k is a vector of observations by distance class
where f is a function of a distance decay parameter σ.
Greater detail about the model is described elsewhere (Kery & Royle, 2016 , chapter 9). We assumed a negative exponential function for f(σ) = e −σ*d , where d was the distance measurement for an observation. We did not include a covariate model allowing σ to vary with site or survey occasion. However, we compared our final models to these same models including NDVI as a covariate on σ to rule out the possibility that any associations we found between NDVI and abundance may have been confounded by detection probability varying with vegetation cover.
We fit distance sampling models via maximum likelihood estimation using the gdistsamp function in the unmarked package (Fiske & Chandler, 2011) We converted abundance estimates to density by dividing abundance from each site in the model by the effective sampling area of each transect (i.e., 2 × 13.5 m × transect length -area of transect overlap). This varied because transects varied in actual length (x = 390 m, SD = 40 m). We applied model-based inference to extrapolate density across the entire study area by calculating predicted density of each species at each 1-km grid location based on the covariate values at those locations (Furnas & McGrann, 2018; Gregoire, 1998) . We used model weights of the top models (i.e., AIC weights sum to 0.95, Burnham & Anderson, 2002) to get model averaged density predictions at each grid location (Cade, 2015) .
This allowed us to map spatial variation in density for each species throughout the study area, and to calculate average density for the study area for each species by taking the average of the point es-
timates from all the 1-km grid locations. We then computed population sizes by multiplying these averages by the total area of the study area.
We used parametric bootstrapping (20,000 iterations) to get confidence intervals for our density and population size estimates in a fashion that accounted for the multiple sources of uncertainty in our modeling (Efron, 1982 To address the effect of survey effort on the precision of our estimates, we took a sample with replacement from the 1-km grid equal to the sample size from our study (n = 229) for each bootstrap resampling iteration. We calculated density at those locations using the resampled model parameter values from the same iteration and the covariate values at the selected locations. We then averaged those densities to get average density for the study area. We repeated bootstrapping for each model and used model weights to get a single estimate of average density for the study area for each sampling iteration (Cade, 2015) . Lastly, we calculated the standard deviation of the bootstrap-distributed densities which we treated as the appropriate standard error with which to calculate a 90% confidence interval assuming a normal distribution about the point estimate. We adopted a Type-I error rate of 0.1 here and elsewhere in this study in congruence with a long-term monitoring objective (Furnas & McGrann, 2018) . We repeated these procedures for each species. Additional technical details on our modeling methods including the data and R code we used are provided in Supporting Information Data S3 and S4.
| Evaluation of model fit
For all top models used to extrapolate population size, we assessed model fit by means of a parametric bootstrap goodness-of-fit test using the Chi-squared test statistic (Kery & Royle, 2016, Section 7.5.4) . For each test, the null hypothesis was that Chi-squared statistic for observed survey detection data under the fitted model was equal to Chi-squared for data generated by the model (e.g., fitted
values of expected number of detections in each distance bin during each survey at each site). We estimated the probability (p-val) of the observed statistic under the null hypothesis by comparing it to the distribution of the statistic for 1,000 parametric bootstrap data sets using the parboot function in R. We assumed good model fit if we could not reject this null hypothesis (i.e., p-value ≥0.1).
| Model validation
We compared predictions from our modeling with independent measurements of lizard density available from Joshua Tree National Park (JTNP) located in the southern portion of the study area (Figure 1 ) To our knowledge, these surveys were the only data available for validating our modeling. During the spring of 2016, a team of biologists and citizen scientists systematically searched eight 9-ha sites within the portion of JTNP overlapping our Mojave Desert study area. Each site was surveyed for approximately three hours on a single occasion during which a count of adult lizards was tallied for each species. The methods which are described in greater detail in Barrows et al. (2016) were intended as an exhaustive survey due to the length of survey time and numerous surveyors present at each site, but modeling was not used to adjust for detection and availability probabilities potentially <1. At each of the eight survey sites, we compared the JTNP survey results with predicted densities at these locations from distance sampling.
| RE SULTS
We observed 12 species of lizards, but A. tigris, U. stansburiana, and C. draconoides accounted for 89% of all observations (Supporting Information Data S4). Detection probability declined quickly with distance from the center line of transects (Figure 2 ). This decline was sharper for A. tigris and C. draconoides (~20% at 2 m) than for U. stansburiana (~20% at 4 m).
We justified inclusion of a quadratic term on temperature in the availability model components for A. tigris and U. stansburiana, but not for C. draconoides, because model weights for these covariate selections in a null abundance model were always >0.5 (Supporting Information Data S4). Availability for sampling of all three common species peaked at ~25°C. It declined at higher temperature for A. tigris and U. stansburiana, but remained constant above this threshold for C. draconoides 
Our proxy for vegetation cover (NDVI) and its quadratic terms
were in all of the top models for U. stansburiana and C. draconoides.
Our modeling predicted that density of U. stansburiana was greatest at a NDVI value of ~2,020 corresponding to densely vegetated areas above 1,000 m in elevation dominated by Yucca spp., Juniperus osteosperma, or Pinus monophylla (Supporting Information Table   S1 , Sawyer et al., 2009) . Density of C. draconoides was greatest at a NDVI value of ~970 corresponding to sparsely vegetated areas below 500 m dominated by Atriplex polycarpa. We found a weak negative association between anthropogenic development and density of A. tigris versus a weak positive association for U. stansburiana. In contrast, we found a strong negative association for C. draconoides; average density throughout the study area decreased from 111 lizards in 1 km 2 areas with <1% development to 61 lizards in 1 km 2 areas with 5%-10% development.
We obtained reasonably precise estimates of average density (and total population size) of adult lizards for each of the three most common species (Coefficients of variation [CV] = 0.13-0.27, Table 3 ).
These results indicate that the total adult population of common lizards within the study area in mid-2016 was 82 million (90%CI: 65-99 million), corresponding to an average density of 1,224 individuals per km 2 (90% CI: 967-1,481 per km 2 ). Our mapping of the three species indicates there was greater variation in densities within the western part of study area due to greater levels of development in this subregion (Figures 4-6 ).
Using the JTNP survey results, we validated our modeling results for U. stansburiana and C. draconoides (Table 4) . Average estimated densities for these species obtained from independent methods at the eight comparison locations differed by only 16%-17%. In contrast, the average density of A. tigris from the JTNP surveys was 76% lower than that predicted by our modeling. For all three species, the variability of estimated density at sites was greater for the JTNP surveys than from modeling.
| D ISCUSS I ON
We provide the first robust estimates of density and population size of common lizards across a large desert ecoregion. Although the F I G U R E 2 Decay in detection probability with distance during visual encounter transect surveys from the Mojave Desert within California, USA, April-July 2016. Detection probability is the average chance on seeing an individual lizard during a survey visit along a 400-m transect if it was present along the transect during the visit application of hierarchical distance sampling allows relaxation of these assumptions Kery & Royle, 2016) . In particular, we found reduced availability of lizards for sampling at temperatures below and above 25°C such that we were able to correct for a substantial bias that otherwise would have left us with lower density estimates, especially for A. tigris.
Using the JNTP survey results, we were able to validate the accuracy of our predicted densities for U. stansburiana and C. draconoides (see Figure 3) . Even though we did not fully validate our method against a known true density, the general concordance (e.g., 16%-17% lower for JTNP estimates) of both estimates for these species bolsters the credibility of our modeling and extrapolation methods. On the other hand, average density for A. tigris from the JTNP surveys was 76% lower than from our modeling. Consistent with the methods for the JTNP surveys, the most likely explanation for the discrepancy is the low availability of this species for sampling during a single visit. Indeed, both small and large disparities from our validation correspond closely to our estimates of availability during intermediate temperature conditions that were reflective of the JNTP surveys (25°C; 20% for A. tigris vs. 80% for U. stansburiana). Those surveys occurred during spring (March-June) and the scheduling of site visits was timed to minimize variation in temperature and maximize availability during a single visit (Barrows et al., 2016) The ability to obtain accurate and reasonably precise population estimates of lizards across large regions will be critical for monitoring trends and identifying the effects of stressors including climate change and land use (Gibbons et al., 2000; Griffiths et al., 2015) .
Impacts identified to lizards may provide a good indicator of impacts to the larger ecosystem, because of this taxon's sensitivity to temperature and land use (Thompson et al., 2008; Waudby & Petit, 2015; Whitford & Creusere, 1977) . Common species such as those we surveyed may disproportionately reflect ecological processes within a region, in part because they represent a large proportion of total individuals and biomass (Gaston & Fuller, 2008; Inger et al., 2015) . Furthermore, monitoring common species may allow planners to develop effective conservation strategies before a species becomes endangered.
Nevertheless, we are cognizant that monitoring of common species is not a silver bullet. It can complement, but not replace, the need for specialized surveys targeting rare or localized species that may already be endangered (e.g., Phyrnosoma mcallii, Grant & Doherty, 2007) . A need also remains to better monitor other reptile taxa that were not well surveyed by our method (e.g., snakes and Gopherus agassizii). This may be best achieved by a combination of survey methods each targeting different groups of species (Garden, McAlpine, Possingham, & Jones, 2007) . Potential alternative survey methods include time-constrained visual searches of quadrats (Barrows et al., 2016) pit-fall traps (Mengak & Guynn, 1987) , and environmental DNA (Kucherenko, Herman, Everham, & Urakawa, 2018) .
Multispecies abundance or occupancy modeling is one potential approach to using surveys such as ours to simultaneously draw inference about both common and rare species (Iknayan, Tingley, Furnas, & Beissinger, 2014) . We initially attempted to fit a Bayesian multispecies abundance model to all 12 species of lizards detected (Sollmann, Gardner, Williams, Gilbert, & Veit, 2016) , but model fit was poor. We suspect this was because random effects assuming a normal distribution of separate parameter values among species failed to adequately describe differences among common and rare species. For this reason, we restricted modeling to common species using single-species models. However, we recommend additional investigation in to the feasibility of multispecies models including alternative probability distributions governing hyperparameters (Iknayan et al., 2014) and integration of data from multiple survey methods (Garden et al., 2007; Pacifici et al., 2017) .
Our modeling was intended to represent average densities at the 1-km 2 scale across an ecoregion. We believe this approach was appropriate for estimating population size and identifying general spatial patterns in density. However, we acknowledge that our coarse-scale approach likely missed fine-scale habitat selection features of importance to lizard conservation. By using spatial covariates at the 1-km 2 scale, we may have missed important spatial heterogeneity (i.e., rocky terrain) and climate (i.e., canyons and north facing slopes) features important to lizards that are better described at the 1-10 ha scale. Indeed, whereas comparison of our modeling with independent surveys from JTNP confirmed similar average densities for U. stansburiana and C. draconoides, there was much less variation among sites from our modeling than from the JTNP survey results ( Desert (Barrows & Murphy-Mariscal, 2012) . Therefore, we recommend future integration of surveys and modeling that represents habitat conditions and population distribution at multiple spatial scales (Nichols et al., 2008; Pacifici et al., 2017) . Through a doublesampling approach, a more intensive spatial capture recapture design could be implemented at a subset of the monitoring sites where distance sampling transects occur (Dennis, Ponciano, & Taper, 2010; Royle, Chandler, Sollmann, & Gardner, 2014) . Our multispecies surveys throughout an ecoregion and comparison of modeling results with the JTNP data represent a significant first step toward this goal.
By including on-site temperature measurements in our modeling, we found that lizard activity peaked at an air temperature of about 25°C, above which it declined for A. tigris and U. stansburiana dropping to close to zero at temperatures above 40°C. These findings confirm a behavioral response of lizards to temperature.
Such a pattern could mean that high "availability" in our modeling represents a heightened detection probability when lizards were more visible while basking or otherwise present in exposed locations. It would be important for a monitoring program to look for shifts in availability with respect to temperature. This is important because lizards have physiological limits above which high body temperature is lethal (Cowles & Bogert, 1944) , and there is evidence that these thresholds are being increasingly exceeded in some places in North American deserts due to climate change (Sinervo et al., 2010) . It is also important because higher temperatures have been shown to cause mortality in lizard embryos sheltered in nests, which suggests that impacts at this stage of the life cycle may have a greater effect on population levels than thermal impacts to adults (Levy et al., 2015) .
We used a measurement of air temperature in our modeling as a proxy for the operative temperatures affecting lizard physiology and behavior (Dzialowski, 2005) . We expect that direct consideration of operative temperatures would improve performance of abundance modeling (Angeli, Lundgren, Pollock, Hillis-Starr, & Fitzgerald, 2018) .
Additionally, incorporation of daily maximum temperature models available at the 4-km scale across the entire study area (Daly et al., 2008) in to hierarchical modeling of wildlife survey data may facilitate greater inference about behavioral responses of wildlife to climate change (McGrann & Furnas, 2016) .
Interestingly, A. tigris was the most abundant lizard, but it was also more difficult to consistently detect than the other two common species. The detectability of this species dropped steeply with distance ( Figure 2 ) and it had the lower overall availability for sampling ( Figure 3 ). We posit that the lower detectability and availability of this species may be largely attributed to its spatial and behavioral autecology. A. tigris is an active forager with a large home range and spends less time basking, and more time actively shuttling between microhabitats than the two more territorial species (U. stansburiana, C. draconoides) Turner et al., 1969) .
Urban growth, expansion of industrial, agricultural, recreational, and resource extractive activities, and renewable energy development raise concerns for lizard conservation in the Mojave Desert.
We found evidence that two of the three species of common lizards were sensitive to land use. In particular, our maps of predicted density show greater variability in habitat quality in the more developed western side of the study area (Figures 4-6) . Furthermore, although C. draconoides may be relatively well suited to higher temperatures, our results suggest it will be impacted by development that removes or degrades habitat. Retaining pockets of natural habitat and enhancing the quality of vegetation cover in developed areas may be important mechanisms for mitigating impacts to lizards and other wildlife (Ackley et al., 2015; Sullivan, Vardukyan, & Sullivan, 2014) .
Desert ecosystems and the wildlife they support are vulnerable to the combined effects of climate change and habitat degradation (Sinervo et al., 2010; Thompson et al., 2008) . Although reptiles have been difficult to survey and thus often neglected in multispecies monitoring efforts (Gibbons et al., 2000) , advances in noninvasive survey and robust analytical methods are making it more practical to include reptiles and other overlooked taxa in these programs. Our results demonstrate this trajectory for lizards and how reasonably precise estimates of total population size and maps of density can inform conservation. These methods are likely transferable to other desert ecosystems throughout the world. Finally, comments from three anonymous peer reviewers helped us to improve the final manuscript.
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